Purpose: To extend the intravoxel incoherent motion (IVIM) magnetic resonance imaging (MRI) model to restricted diffusion and to simultaneously quantify the perfusion and restricted diffusion parameters in neck nodal metastases.
THE INTRAVOXEL INCOHERENT motion (IVIM) model for diffusion-weighted MRI (DW-MRI) signal has the potential to measure both Brownian water molecular diffusion and blood perfusion in the capillary network (1) . Since its introduction, the IVIM model has been mainly applied in investigating chronic brain ischemia (1), human placenta (2), liver cirrhosis (3), muscle inflammatory myopathy (4) , and renal perfusion (5) . Recently, the model has been expanded to characterize tumors in the prostate (6) and breast (7) . The standard IVIM model is based on the assumption that diffusion is unrestricted, a premise that is not valid in biological tissue where diffusion is usually restricted and/or hindered (8) . The use of the standard IVIM model may cause systematic over-or under-estimation of diffusion parameters, depending on the underlying tissue architecture. Several models that addressed the non-Gaussian behavior of water diffusion have been introduced (9) (10) (11) (12) . For example, Jensen et al proposed diffusion kurtosis to quantify the non-Gaussian behavior of water diffusion (9, 10) . Yablonskiy et al presented a model that introduces a distribution function for tissue-apparent diffusion, which can account for non-Gaussian water diffusion (11) . Bennett et al proposed the stretched-exponential model to describe the heterogeneity of intravoxel diffusion rates (12) . The stretching parameter can be used to characterize the deviation of DW-MRI signal from Gaussian behavior. All these models were designed to account for non-Gaussian diffusion. To the best of our knowledge, the incorporation of non-Gaussian diffusion into the IVIM model has not been reported so far.
The purpose of the present study was to extend the IVIM model to restricted diffusion and to simultaneously quantify the perfusion and restricted diffusion parameters in neck nodal metastases.
MATERIALS AND METHODS

Theory
Biological tissue consists primarily of two compartments: an intra-capillary compartment and an extracapillary compartment. If the intra-and extra-capillary spaces are assumed to be two homogeneous compartments with free diffusion or pseudo-diffusion and equal magnetic relaxation properties, the DW-MRI signal at each voxel described by the standard IVIM model can be expressed as (1):
where S 0 is the signal intensity in the absence of diffusion weighting, b is the gradient factor attenuation (s/mm 2 ), f is the vascular volume fraction or perfusion factor, D is the diffusion coefficient (mm 2 /s) characterizing the mobility of water molecular diffusion, and D* is the pseudo-diffusion coefficient (mm 2 /s) associated with blood velocity and capillary geometry.
In the absence of perfusion (f ¼ 0), the IVIM model would be reduced to the conventional mono-exponential diffusion model (hereafter referred to as the ADC model):
Here D is often called the apparent diffusion coefficient (ADC, mm 2 /s). However, the diffusion of water molecules is often restricted by their interactions with cell membranes and other microstructural components, causing the probability distribution of water diffusion to have a non-Gaussian shape. Kurtosis is a dimensionless statistical metric that quantifies the non-Gaussian behavior of an arbitrary probability distribution. A diffusion kurtosis imaging method based on the concept of kurtosis (hereafter referred to as the Kurtosis model) has been proposed previously (8, 9) :
where K is the diffusion kurtosis coefficient describing the deviation from a Gaussian distribution. Under the assumption of a Gaussian distribution, K equals 0. Whereas, in the case of a non-Gaussian distribution, K is greater than 0 (8). K can be regarded as a measure of intra-voxel diffusion heterogeneity (8) . Extending the IVIM model to non-Gaussian diffusion by using kurtosis as a measure for non-Gaussian behavior yields the non-Gaussian (NG)-IVIM model. The DW-MRI signal described by this new model will be:
In contrast to the standard IVIM model (Eq. [1] ; which neglects non-Gaussian behavior in water diffusion), the Kurtosis model (Eq. [3] ; which ignores blood perfusion), and the ADC model (Eq. [2] ; which considers only Gaussian diffusion), the proposed NG-IVIM model (Eq. [4] ) considers both non-Gaussian water diffusion and blood perfusion, and it combines these processes into a single framework. From this model, four parameters (f, D, D*, and K) can be estimated simultaneously: f and D* are related to blood perfusion, and D and K are related to water diffusion. In three special cases, when K ¼ 0, f ¼ 0, or both, the NG-IVIM model represents the standard IVIM, Kurtosis, or ADC models, respectively.
The behavior of the signal intensities of the NG-IVIM model at different parameter settings in the logarithmic scale is shown in Figure 1 . The reference parameter settings are f ¼ 0.
À3 mm 2 /s, K ¼ 1.2, and S 0 ¼ 500. Figure 1a-d shows changes in the signal that occur when one parameter is varied and the others are fixed. As shown in Figure 1 , the signal from the NG-IVIM model contains two parts of signal decay, reflecting the effects of both diffusion and perfusion. At lower b values, the signal drops dramatically, representing almost exclusively perfusion, which is influenced by f and D*. The signal drops more slowly at higher b values, indicating mainly pure water diffusion, determined by D and K. It is also apparent that the intercept of the diffusion asymptote directly reflects the vascular fraction f; the slope of the perfusion asymptote reflects the pseudo-diffusion coefficient D*; and the slope of the diffusion asymptote reflects the pure diffusion coefficient D. Because the logarithmic vertical scale for signal intensity displays a mono-exponential curve as a straight line, the deviation from the straight line indicates non-monoexponential signal decay (i.e., non-Gaussian behavior). Increasing the kurtosis coefficient K exacerbates the degree of this deviation as seen in Figure 1d .
Patient Studies
The proposed model was tested with the multiple bvalue DW-MRI data that were acquired in head and neck cancer patients with neck nodal metastases. An optimal model was determined using the four models (NG-IVIM, IVIM, Kurtosis, and ADC).
Our institutional review board approved and issued a waiver of informed consent for our retrospective study, which was compliant with the Health Insurance Portability and Accountability Act. Between June 2010 and December 2010, eight consecutive patients with nodal metastases of biopsy-proven head and neck squamous cell carcinoma (HNSCC) referred for MRI by physicians at our institution underwent a clinical pretreatment MRI examination that included DW-MRI. The age of the eight patients ranged from 46 to 56 years; six patients were male and two were female; their neck nodal tumor size ranged from 155 to 12555 mm 3 ; and primary tumor sites were nasopharynx for three and oropharynx for five. Characteristics of each patient are detailed in Table 1 .
MRI data was acquired on a General Electric (GE) 1.5-Tesla (T) Excite scanner with an eight-channel neurovascular phased-array coil. Because DW-MR images are inherently noisy due to thermal or physiological causes, the signal intensity of a noisy DW-MR image is given by:
where S is the MR signal intensity with diffusion weighting, n is the noise intensity, and i ¼ The signals of S and n are Rician distributed on the DW-MR images (13) . To estimate the parameters, a chi-square cost function (x 2 ) was defined and minimized (14):
where p is the estimated parameter set, N b is the number of b values (N b ¼ 18 in this study), M k is the signal intensity measured at the kth b value, s is the standard deviation of noise, and MN(S k ) is the averaged intensity calculated from the signals with Rician distribution. MN(S k ) is given by (15, 16) :
where N is the number of receiver channels (N ¼ 8) and N avg is the average number of DW-MR images (N avg ¼ 4).
To estimate standard deviation of noise (s) and signal-to-noise ratio (SNR) in the DW-MR images acquired with the eight-channel phased-array coil, a region-of-interest (ROI)-based method that accounts for a multiple-channel DW-MRI system with Rician distributed noise and signal averaging was applied (15, 16) . The standard deviation of noise was estimated from a noise ROI that was positioned on the image background without signal, which was calculated as:
where n is the noise intensity of each voxel within the noise ROI and L is the number of voxels in the noise ROI. SNR was calculated as the ratio of signal from a signal ROI on the DW-MR images to the calculated standard deviation of noise (s) (15) . The signal ROI was positioned on the metastatic lymph node ( Figure  2a ). All ROIs were drawn by an experienced neuroradiologist (>10 years of experience).
The nonlinear least-square fitting method was performed to estimate the parameters. The subspace trust region algorithm, which is built into Matlab by the manufacturer, was used for the optimization procedure in the data fittings (17) . The parameters of each voxel were calculated. A multiple start scheme (10 times in this study) was used in the optimization procedure. For each time, the start value of each parameter was the random value chosen between the lower and upper bound of the parameter set (f[(0, 1), 1000) ). With these multiple starts, the final estimated parameter value was chosen as the estimated parameter set with minimum chi-square (
). For each voxel within the metastatic node (signal ROI), the optimal model to fit the experimental data was determined by using the Bayesian Information Criterion (BIC) (18) :
where N b is the sample size and N p is the number of free parameters to be estimated (N p ¼ 5 for the NG-IVIM model, N p ¼ 4 for the IVIM model, N p ¼ 3 for the Kurtosis model and N p ¼ 2 for the ADC model in this study). A new model by adding more parameters is possible to improve the data fitting but this could induce over-fitting. BIC introduces the penalty of number of parameters into the criterion. Therefore, BIC can be used to determine the optimal model among the different models. Given any two estimated models, the one with the lower value of BIC is the preferred model (18) . For each ROI, the percentage of voxels for the model with the lowest BIC was calculated, and the map was generated to show the optimal models on a voxel-wise basis. The dedicated image analysis software was written in Matlab R2008a on the Microsoft Windows system. 2 ). To evaluate the accuracy of an estimated parameter, bias percentage was defined as the absolute percentage of the estimated parameter value deviated to the reference value (¼ abs(v-v 0 )/v 0 , where v is the estimated median value and v 0 is the reference value). A low value for this percentage indicates that the parameter was estimated with high accuracy.
To evaluate the precision of an estimated parameter, standard deviation percentage was defined as the percentage of the standard deviation of the estimated parameter divided by the reference value (¼ std/v 0 , where std is the standard deviation). A low value for this percentage indicates that the parameter was estimated with high precision.
RESULTS
Patient Studies
For the eight patients in this study, the ranges of parameter values estimated by each model within the ROI on the metastatic node were: NG-IVIM model, f ¼ 0. 10 The non-zero voxel percentages preferred by the NG-IVIM model suggested that non-Gaussian IVIM phenomena occur in tumor tissues, such as metastatic neck nodes. Figure 2 shows an example from a representative patient in the sample (patient 5 in Table 1 : male, 46 years old, primary tumor site at nasopharynx). For that patient, the voxel percentages preferred by the NG-IVIM, IVIM, Kurtosis, and ADC models were 79.3%, 17.3%, 2.8%, and 0.8%, respectively. NG-IVIM was the main model to fit the dataset, showing diffusion was restricted in most voxels in this tumor tissue (see Figure 2b) . Figure 2c shows the model fits for a typical point that is designated by a red arrow in Figure 2b . It was observed that at this typical point, each model fit the dataset differently. At high b values, for instance, the IVIM, Kurtosis, and ADC model substantially deviated from the underlying dataset; at low b values, the Kurtosis and ADC models fit the data as a relatively straight line. The best fit was obtained by the NG-IVIM model with the lowest value of x 2 and BIC (see Fig. 2e ). Figure 3 shows the optimal model maps for the other seven patients in the study. It was observed that each tumor tissue had a different optimal model map, revealing the metastatic nodes were heterogeneous in nature, in either an intra-tumor or inter-tumor manner. Figure 4 demonstrates the dependence of the performance of the NG-IVIM model on SNR. As SNR increased from 5 to 35, the overall accuracy and precision of the estimated parameters improved. The bias percentages for estimating f and D* were smaller than that for estimating D and K. The std percentages for estimating D* were higher than that for estimating f, D, and K. For example, at SNR 10, the bias percentages for estimating f and D* were 0.48% and 1.01%, compared with 8.91% and 20.64% for estimating D and K, respectively. At SNR ¼ 10, the std percentages for estimating D* was 74.01%, compared with 19.92%, 41.59%, 49.15% for estimating f, D, and K, respectively. Figure 5 demonstrates the dependence of the performance of the NG-IVIM model on b max . Increasing b max had little impact on the accuracy and precision of estimating f and D* but improved the accuracy of estimating D and substantially increased both the accuracy and precision of estimating K.
Simulation Studies
DISCUSSION
The standard IVIM model allows for the quantification of intravoxel incoherent motion in the presence of free diffusion (19) . However, it does not consider restricted diffusion that may result in biased parameter estimation. In the present study, we extended the IVIM model to restricted diffusion with a measure for nonGaussian behavior (diffusion kurtosis). The experimental results with four such models (NG-IVIM, IVIM, Kurtosis, and ADC) demonstrated that the NG-IVIM model can address the underlying diffusion and perfusion behavior better than the other models at a variable voxel percentage of tumor tissues in neck nodal metastases.
Our study is the first to apply the IVIM model in investigating head and neck cancers. The results demonstrated that biexponential models including IVIM and NG-IVIM were the two main methods to model DW-MRI signal decay of tumor tissues, suggesting most of the tumor tissue voxels exhibited both perfusion and diffusion, and diffusion in tumor tissues was either free or restricted. The ADC and Kurtosis models are too simple to account for the complex incoherent motions in metastatic neck nodes, as they do not consider blood perfusion in tumor tissues. This finding is consistent with the literature (14) . Kristoffersen (14) stated in a study of the human brain that the bi-exponential model had the lowest rejection fraction to fit the DW-MRI data, compared with other models, including the mono-exponential model. The histopathology of metastatic nodes in head and neck cancer is very complex and includes viable, necrotic, and hypoxic tissues (20) . The values of diffusion kurtosis of metastatic neck nodes were found to be in the range of 0.68 to 1.47, showing a large variation of diffusion restriction. The proposed NG-IVIM model may measure the coefficients of diffusion and perfusion more accurately in this tumor type. Similarly, diffusion kurtosis has also been explored to reveal the intravoxel diffusion heterogeneity in brain gliomas and the development and aging of the brain (21, 22) .
Noise has a big influence on the accuracy and precision of parameters derived from mathematical models (23, 24) . DW-MR images are acquired with high diffusion weighting with very low SNR. Low SNR not only reduces the quality of DW-MR images but also results in a biased estimation of parameters (23, 25) . Some strategies have been proposed to separate the signal from noisy MR magnitude images before model fitting (23, 26, 27) . In our study, a noise rectified scheme was proposed by embedding the noise correction term into the cross function of the model fitting procedure. This strategy has been shown to yield better accuracy and precision than removing the bias at each data point before data fitting (16) . Additionally, the noise estimation in this study takes into account signal averaging across multiple channels, making the results more realistic and less biased.
The choice of b values has an important impact on the parameters estimated using the IVIM model (2, 6, 28, 29) Our study has a few limitations. As mentioned above, the performance of the NG-IVIM model was limited by the SNR and the maximum achievable b values. SNR can be increased by increasing the voxel size of the DW-MR image, number of excitation, or magnetic field strength (!3 T). Low SNR could increase the standard deviation of the estimated parameters, especially in a model with more parameters. Additionally, from the simulation study, the overall performance of our model was improved when SNR increased, but the standard deviation of f, D, and D* except K did not improve much. However, when DW-MRI is part of a clinical protocol, the options to modify SNR are limited. Another limitation of this model was the assumption that the two compartments had equal magnetic relaxation time and there was no water exchange between them. The typical water exchange time period has been estimated at 140 ms to 500 ms (34) . The echo time we used (104 ms, typically) may not completely meet the assumption of no water exchange. Ignoring the water exchange may result in a biased estimation of parameters. According to the literature (34) , even in the slow exchange range, f is still overestimated by 20%. Differences in T 1 or T 2 values between the extra-capillary and intra-capillary compartments may cause biased parameter estimation. Modified IVIM models have been proposed to account for the differences in T 1 , T 2 , and D values (35, 36) . Bulk motion, including voluntary and involuntary movement by patients, is still an issue for DW-MRI data acquisition in the region of head and neck. In our study, we excluded the data that suffered from severe motion artifact. However, some involuntary movements by patients, such as vessel pulsation, are unavoidable at present. Further research is needed to overcome this challenge. Additionally, different MRI acquisition parameters may also have an impact on the values of the derived parameters; for example, longer TE may increase the value of f, D, or even D* (36) . In this study, our proposed model focused on investigating the IVIM model extended for non-Gaussian diffusion. The above-mentioned considerations are beyond the scope of the present study but can be addressed in the future by developing an advanced version of our proposed model. In addition, as this was a feasibility study with a small number of patients, a large cohort of subjects is still warranted to test our proposed model.
In conclusion, a NG-IVIM model was proposed in this study to quantify the intravoxel incoherent motion in tumor tissues in the presence of restricted diffusion by incorporating diffusion kurtosis analysis. Perfusion and restricted diffusion properties were characterized simultaneously. In vivo studies showed that the proposed NG-IVIM model outperformed other models at a variable portion of voxels in tumor tissue, addressing the heterogeneity within the tumor.
